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Variational Quantum Classifier (VQC), Quantum Random Forest (QRF), and Quantum k-Nearest
Neighbors (QkNN), for breast cancer diagnosis. Utilizing the IBM Qiskit framework, we apply these
QML algorithms to classify feature attributes derived from Fine Needle Aspirate (FNA) images of
breast cancer tissues. These attributes are converted into qubit structures through Principal
Component Analysis (PCA), enabling the quantum models to process the high-dimensional biomedical
data. Classical machine learning methods such as Support Vector Classifier (SVC), Random Forest
(RF), and K-Nearest Neighbors (KNN) are tested against these QML models on the same dataset.

Our findings highlight that QML models, particularly QRF and QSVM, exhibit performance levels that
closely rival their classical counterparts, with QRF achieving the highest training (0.91) and testing
(0.90) accuracies among the quantum algorithms studied. Despite the promising capabilities of QML
models to effectively handle complex biomedical data, classical ML models currently show higher
accuracy and reliability. To fully harness the power of quantum algorithms for medical diagnostics,
this disparity highlights the need for ongoing improvements in quantum computing hardware and
optimization of algorithms. The purpose of this study is to compare and contrast conventional and
quantum machine learning methods for early breast cancer diagnosis in the hopes of drawing useful
conclusions. By highlighting the commendable performance of QML models and identifying areas for
further development, We add to the increasing amount of evidence that supports using quantum
computing for medical diagnostics with our work. The outcomes of this research suggest a future
where quantum algorithms could match or even surpass classical methods, increasing the precision of
breast cancer detection and therapy by a substantial margin.
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Breast cancer diagnosis is still mainly a binary
classification issue, with two possible types of tumors:
malignant (cancerous) and benign (non-cancerous) [6].
The majority of breast cancer datasets may be modeled
by several of the current machine learning classifiers,
including k-nearest neighbor, supported vector
machines (SVMs), decision trees, random forests, and
artificial neural networks. While most of the classifiers
listed above need high-end computational capacity for
classifier training, this becomes more problematic as the
issue size and number of determining variables (i.e.,
features) grow.

Exploring these new areas and using machine learning
techniques to do the necessary computations with less
processing power is a natural progression given the
developments in other types of computing. Using
current noisy intermediate-scale quantum technology
and quantum computing principles, it is now feasible to
speed up conventional machine learning classifiers
without sacrificing classification accuracy. Methods
utilized in quantum machine learning, which are based
on the concepts of quantum speedup, have the potential
to surpass conventional methods [7]. In addition, it can
revolutionize machine learning, bringing it closer to
creating the best categorization systems possible. For
problems like breast cancer classification, which takes a
huge number of characteristics into account to complete
the classification assignment, SVM classifiers—one of
the most developed conventional classifiers—are the
ideal option. Such difficult classification tasks are likely
to be well-suited for nonlinear support vector machines
(SVMs), which, via the use of their kernel technique
[8], may translate input into higher dimensional space.
Due to its computationally costly kernel matrix
construction and solution, It is challenging to compute
the nonlinear SVM classification method using a
conventional computer system, especially when dealing
with the least-squares formulation or quadratic dual
issue [9]. Making use of quantum support vector
machines [11] and quantum machine learning [10]. may
provide a substantial improvement in the computational
capacity of the traditional SVM classifier. Since SVMs
reduce optimization problems to sets of linear
equations, quantum SVM can gain computing speedups
via two means: first, by calculating the kernel matrix
more quickly; and second, by effectively solving these
linear equations on quantum hardware. There are
exciting new possibilities for improving classification
problems like breast cancer classification using
quantum machine learning algorithms like Quantum k-
Nearest Neighbors (QKNN) [12], Quantum Random
Forests (QRF), and Variational Quantum Circuits
(VQC) [13]. To effectively handle high-dimensional
data, VQC integrates classical and quantum computing
components, making use of quantum circuits. By
applying quantum concepts to classical Random
Forests, QRF allows for scalability and quicker
processing of decision trees. QkNN is a quantum-based
version of the well-known k-Nearest Neighbors method

that allows for fast neighbor search in feature spaces
with many dimensions. These quantum methods take
advantage of superposition and parallelism, two
quantum properties, to potentially outperform classical
classifiers like Support Vector Machines (SVMs) in
terms of computational speed and accuracy, particularly
when dealing with complicated classification problems
involving big feature sets.

In the proposed work, we meticulously implemented
and compared Quantum Machine Learning (QML)
models against classical Machine Learning (ML)
approaches for breast cancer prediction, leveraging the
IBM Qiskit Aqua library [14] within a simulated
environment on a classical computer. The procedure
commenced with dataset preparation, focusing on cell
nuclei characteristics from Fine Needle Aspirate (FNA)
images, followed by feature reduction using PCA [15]
to streamline the complexity for both quantum and
classical algorithms. The quantum models— By
encoding the processed characteristics into qubits, the
following quantum classifiers were simulated: Quantal
k-Nearest Neighbors (QkKNN) [12], Quantum Random
Forest (QRF) [13], Quantum Support Vector Machine
(QSVM) [11], and Variational Quantum Classifier
(VQC) [13]. At the same time, we used several standard
models such as Support Vector Classifier (SVC),
Random Forest (RF), and K-Nearest Neighbors (KNN).
We trained and tested these models thoroughly, using
metrics like Fl1-score, recall, accuracy, and precision
[13]. This comprehensive implementation and
evaluation process underscored the promising potential
and current limitations of QML in medical diagnostics,
highlighting the need for ongoing optimization and
development to harness the full capabilities of quantum
computing in healthcare analytics.

The main contribution of this research is

» To develop a better machine-learning breast cancer
classifier, we used the Qiskit package to build and
simulate  quantum  systems using QML
classification algorithms.

» To optimize the data for quantum computing, we
used the Principal Component Analysis (PCA)
technique to minimize the amount of features until
it was in line with the number of qubits present.

» Developed a quantum-powered classification
model that solves breast cancer detection in
logarithmic order, unlike existing polynomial
methods. This innovation may speed categorization
and reduce computing power.

» Used criteria including accuracy, precision, recall,
and Fl-score to compare QML algorithm
performance to that of conventional machine
learning algorithms.

* Measured the computational cost of solving the
breast cancer detection issue, comparing the speed
and resource consumption of quantum and
conventional techniques.

The implementation of QML models, particularly QRF

and QSVM, exhibit performance levels that closely
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rival their classical counterparts, with QRF achieving
the highest training (0.91) and testing (0.90) accuracies
among the quantum algorithms studied. Despite the
promising capabilities of QML models to effectively
handle complex biomedical data, classical ML models
currently show higher accuracy and reliability.

What follows is an outline of the rest of the paper:
Following a short introduction in Section 2, Section 3
delves into the literature study and preliminary results.
In Section 4, we go over the proposed approach.
Section 5 presents the findings and discussion, followed
by the conclusion and future implications.

2 BASIC PRELIMINARIES AND RELATED
WORKS

Within the realm of physical science, The basic
discontinuous unit of a "physical quantity" is a
"quantum." Quantum theory studies the likelihood of
bidirectional (wave-particle) particles like quantum
particles in a particular spatial place [16]. As an
offshoot of Machine Learning (ML), which processes
and analyzes data using different decision-making
models, Over the last several decades, Quantum
Machine Learning (QML) has seen significant growth
and transformation within the realm of computer
science. The need for effective data management is
growing as the amount of data continues to rise at a rate
of around 20% annually [17]. The Quantum Support
Vector Machine (QSVM) [18] is the most popular
supervised technique in QML; it leverages the higher-
dimensional vector space optimization limit to
categorize labeled data. To make the analysis simpler,
QSVM eliminates and builds patterns from unlabeled
data [19].

The core principle of quantum parallelism is the
concurrent storing of multiple qubit states. In addition
to the aforementioned, quantum processing is
accelerated by entanglement and interference of
quantum states. From Feynman's first assertion that
quantum computing could effectively simulate
complicated quantum systems [20,21], the field has
seen fast evolution. In 2014, the first QML application
was shown, which included sorting massive volumes of
data using QSVM, the SVM algorithm's quantum
variant [18]. Along with other learning systems that
make use of the quantum operator and superposition,
SAL was also developed [22]. Decision tree
classification [24] and Quantum K-Nearest Neighbors
(QKNN) [23] are two other search approaches that have
been proposed.

Support Vector Machines (SVM) and Quantum Support
Vector Machines (SVM) are the two algorithms that are
used the most often for data categorization in traditional
machine learning [17]. In order to address classification
issues, a significant variety of classical and quantum
support vector machine (SVM) approaches have been
researched and established. These methods have been
shown in a number of benchmark studies. A

comparison of the accuracy and performance of
traditional and quantum support vector machine (SVM)
methods is shown in [25]. The assessment is made
through the application of a quantum support vector
machine (QSVM) method with the dataset provided by
MNIST of handwritten numbers on the other hand. In
order to evaluate the performance of QSVM in
comparison to that of SVM, a classification method that
is based on QSVM was used to a dataset that included
individuals with breast cancer [26]. During the time that
they are conducting experiments with noisy quantum
computing devices and quantum algorithms in [28],
Tang [27] is developing a recommendation system that
is based on QML and has the potential to achieve
exponential improvement.

To make both conventional and quantum
machine learning more precise and efficient, several
researchers have proposed novel algorithms and
approaches. The breast cancer dataset was used by [29]
to create a QSVM algorithm and propose a quantum
kernel estimation method that reduces measurement
error. Use three simulated datasets to train classification
models on quantum and traditional computing backends
using QSVM and classical SVM [30]. In [31], the
authors evaluate conventional SVMs and QSVMs using
suitable quantum feature mapping selection for
accuracy and execution performance, using the IBMQ
quantum computer. Using support vector machines
(SVMs), we may compare conventional and quantum
computing, [32] and conduct experiments with huge
datasets, like the drug dataset, that are difficult for
classical calculations. Lastly, a study by [33] suggests a
way to use the SVM algorithm to examine the feature
map of a two-qubit kernel-based quantum classifier, and
a study by [34] suggests a QLSSVM to address binary
classification issues with the cardiac disease dataset.

Numerous general approaches to embedding quantum
circuits in ML models are currently available in the
literature. To categorize patterns with  binary
characteristics, a quantum classifier is used to do
picture classification [35] utilizing Quantum Machine
Learning (QML). Both balanced classification
difficulties and unbalanced classes, where the minority
class is the most important, have favourable outcomes
when tested. In contrast, [36] uses a quantum support
vector machine to categorize Big Data. Using
continuous variable-based unitary gate operations for
binary classification, a Variational Quantum Classifier
(VQC) is suggested in [37]. This method, which
contains a more effective data representation and is
explained in more depth in [38], is important for
applications on genuine near-term quantum devices.

In the context of quantum state classification, [39]
employs a Tensor Train Network (TTN) variational
network to train and classify pure states with different
levels of entanglement. According to their findings,
while using a hypothetical dataset, it was observed that
when the unitary operations of the TTN are too simple,
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their categorization accuracy is comparable to that of
random class assignments. The TTN can effectively
categorize quantum states through the use of advanced
methodologies, such as ancilla qubits. A third possible
output is associated with an ambiguous conclusion in
[40] to replicate the training procedure for Post
Quantum  Cryptography (PQC) frameworks for
classifying quantum states as pure or mixed. In order to
replicate the nonlinear behavior of neural networks,
their circuits depend on numerous layers of gates which
are influenced by measurements.

The suggestion to classify and arrange quantum circuits
is an ML challenge that is anticipated to materialize in
the real world [41]. They showcase a dataset of
quantum circuits that have been tuned using variational
quantum eigensolvers. A dataset consisting of 300
samples for each of the six classes of quantum circuits
was generated. This dataset was built using ten distinct
ansatz, each with depths that ranged from three to
thirty-two.  Additionally, six common Kkinds of
condensed- matter Hamiltonians were used, each
containing four to sixteenth qubits.

The identification of breast cancer is one area where
ML and DL approaches are being used to provide more
effective tactics for early diagnosis and prediction of
this common and potentially deadly illness. [42]. To
make their breast cancer predictions, used the
Wisconsin Breast Cancer Dataset. Data exploration,
Label Encoder, and Normalizer methods were used as
pre-processing methodologies before model creation.
After dividing the dataset into training and testing sets,
several machine-learning approaches were evaluated,
with a 96% success rate. These techniques included
SVM and Random Forest models. Another tool that the
authors used was an ANN model, which reached 99%
accuracy and a CNN model that reached 97% accuracy.

A study conducted by [43] demonstrated the
effectiveness of QSVM techniques in the diagnosis of
BC. In addition to classical models developed using the
sci-kit-learn toolbox, their study utilizes IBM quantum
processors and quantum simulators. In their comparison
to a conventional QSVC approach, the authors tested
IBM's quantum processor Quito and the quantum
simulator on the same dataset. They found that the
quantum simulator can reach a 98% accuracy rate with
a 0.1 error rate by using a noise reduction approach.
The quantum computer Quito by IBM has an initial
accuracy of 95%. Alternatively, the standard QSVC
method achieves an accuracy of 85%. This study paves
the way for further quantum applications by providing
strong evidence that quantum support vector machine

MATERIAL AND METHODS:

3 PROPOSED METHODOLOGY

techniques are successful. Quantum solutions may be
made more robust in noisy environments, according to
the scientists, if noise reduction procedures are used.
Quantum methods running on NISQ devices outperform
traditional ML methods after certain adjustments,
according to their results.

Another study showed that quantum neural networks
might identify cancer [44]. To determine whether
cancer cells were benign or malignant, they used a
quantum neural network (QNN) using the Breast
Cancer Wisconsin (Diagnostic) dataset. In comparison
to CNN, their findings demonstrate that QNNs can
achieve higher accuracy with much less computing
power. Last but not least, research [45] proposed a
hybrid  machine-learning  strategy  for  picture
categorization that combines quantum and classical
principles. Combining a conventional support vector
machine with several quantum feature maps and
kernels, they conducted experiments using the MNIST
dataset. They found that their hybrid technique was
more accurate and used fewer resources than traditional
machine learning approaches. The aforementioned
research concludes that ML and QML techniques are
useful in detecting and predicting breast cancer, and
they also show how quantum computing may improve
upon conventional machine learning approaches.

The review of existing literature [51-53] and related
works underscores the significant potential of Quantum
Machine Learning (QML) models in enhancing breast
cancer detection methodologies. However, a technical
analysis reveals discernible research gaps in the
deployment of QML algorithms for this purpose. In
particular, while the results of simulating and
implementing QML classification algorithms with the
help of the Qiskit library have been encouraging, there
remains a need for comprehensive studies that address
the scalability of these models, the optimization of
quantum feature selection processes, such as the
application of Principal Component Analysis (PCA) in
aligning with the limited number of qubits, and the
comparative efficiency of quantum versus classical
algorithms in real-world computational environments.
Furthermore, the literature indicates a lacuna in the
evaluation of computational costs associated with
quantum models, particularly in terms of quantum
resource allocation and the practical feasibility of
executing these models on current quantum hardware.
Addressing these research gaps could significantly
advance the applicability and effectiveness of Applying
QML models to breast cancer screening and diagnosis
at an early stage, thereby contributing to improved
diagnostic outcomes and patient care.

The proposed methodology for structured quantum machine learning (QML) workflow for breast cancer diagnosis is
presented in Figure 1, commencing with dataset preprocessing to optimize data quality. Subsequently, a feature subset is
constructed to distil the most informative attributes, followed by partitioning the dataset into training and testing sets.
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The crux of the workflow involves encoding these features into qubits using quantum circuits with various feature maps
like “ZZFeatureMap®, "RealAmplitudes’, and "EfficientSU2". These encoded features are then processed using four
distinct QML algorithms—Quantum Variational Quantum Classifier (QVQC), Quantum Support Vector Machine
(QSVM), Quantum Random Forest (QRF), and Quantum k-Nearest Neighbors (QkNN)—each harnessing quantum states
and computations to predict breast cancer occurrences. The final phase encompasses a meticulous performance
evaluation and comparative analysis of these models, measuring their predictive accuracy and determining the most
effective algorithm for this critical healthcare application.

Feature Subset
Datasct [ Preprocessing [E—— }:;u:iucu:n “ Train-Test Split

|

Quantum Circuit Construction for Feature Qubits

ZZFentureMap I RealAmplitudes ’ EfficieniSU2 ‘

1

QVQC QSVM QRF ‘ QKNN ‘
| | | l | §

Performance Evaluation and Comparative Analysis

Figure 1: Proposed Methodology

3.1. PREPROCESSING

In the preprocessing stage of the depicted QML workflow for breast cancer diagnosis, the dataset undergoes a series of
sophisticated processing techniques to ensure data integrity and readiness for quantum computation. Normalization is
applied to rescale the features into a uniform range, preserving relative distributions while aligning them with the
operational requirements of quantum algorithms. Concurrently, a thorough missing values analysis is conducted to
identify and rectify gaps in the dataset, employing strategies such as imputation or omission to handle incomplete data
points effectively. This ensures the dataset's completeness, which is critical for the subsequent quantum encoding
processes. Additionally, exploratory data analysis (EDA) is meticulously performed to unearth underlying patterns,
detect anomalies, and gain insights into the data's structure and relationships. This analytical exploration involves
statistical summaries, correlation assessments, and visualization techniques, which collectively facilitate a deeper
understanding of the breast cancer dataset's characteristics, thereby informing the selection of feature subsets and
optimizing the application of quantum machine learning algorithms for diagnosis.

3.2. FEATURE ATTRIBUTE CONSTRUCTION

Principal Component Analysis (PCA) is an essential part of the Quantum Machine Learning (QML) methodology for
breast cancer diagnostics in terms of extracting features and reducing dimensionality. Principal component analysis
(PCA) [19] separates the initial, potentially associated characteristics into a new group of independent variables called
PCs. The initial principal component takes into consideration the maximum variance in the data set, and subsequent
components have the maximum variance possible while still being orthogonal to the ones before them. The initial
variables are linearly combined to form these major components. A mathematical representation of the transformation is
as:

PCi=ailX1+ai2X2+:--+ainXn (Eq.1)

where PCi is the i-th principal component, Xj is the j-th original feature, and aij is the weight given to Xj for PCi.

The PCs serve as the feature attributes which are then mapped onto qubits in the quantum circuit. In this context, the
selected principal components essentially define the state space of the qubits, with each component corresponding to a
quantum state that can be prepared and manipulated within the quantum circuit. By encoding these PCs into the quantum
domain, we leverage the high-dimensional Hilbert space afforded by quantum systems to perform complex computations
that are expected to yield insights for the classification task at hand.

After identifying the principal components with PCA and mapping them onto qubits, the quantum circuit is constructed
and subsequently utilized to train the QML models. This involves preparing the initial quantum states corresponding to
the PCs, applying quantum gates that evolve these states, and finally measuring the outcome, which relates to breast
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cancer diagnosis prediction. The training process includes an optimization routine that adjusts the parameters of the
guantum gates, aiming to minimize a cost function reflective of the prediction error, thus enhancing the model's
predictive capabilities. The use of PCA-derived features in this quantum framework is a strategic choice that aims to
capture the most significant aspects of the dataset while facilitating efficient and potent implementation of QML
algorithms for disease diagnosis.

3.3. QUANTUM CIRCUIT DESIGN

A method used in quantum machine learning, quantum circuit creation employing feature maps involves transforming
conventional data into a quantum format that quantum computers can handle. This method allows quantum algorithms to
efficiently process complicated data structures by mapping aspects of classical data onto quantum states. An essential
part of this procedure is feature maps, which transform traditional data into quantum states amenable to processing and
manipulation using quantum gates. Improvements in quantum machine learning methods are possible because feature
maps enable quantum circuits to process high-dimensional data and execute operations such as pattern recognition,
classification, and regression.

3.3.1. ZZFeatureMap

A quantum neural network is built using a feature map and ansatz to train a Qiskit machine learning algorithm
Variational Quantum Classifier. It is crucial that the feature mappings accurately encode what is being stored into the
qubits utilized, since each normalized feature is allocated one qubit. The feature map has been separated using the
ZZFeatureMap preset structure from the Qiskit library [46], as seen in Figure 2, for a case with four variables. This
structured approach helps in creating a meaningful and effective quantum model for processing the data and achieving
desired classification outcomes.
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Figure 2: Visualize using the default Qiskit structure Qubits=8 and ZZFeatureMap.

3.3.2. Ansatz — RealAmplitude
After constructing the feature map using the ZZFeatureMap feature qubits, the next step is to add a parameterized
quantum circuit known as an ansatz with Real Amplitudes [47]. The ansatz circuit contains a set of tunable parameters or
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weights that are optimized through the minimization of an objective function. The disparity between the quantum model's
predictions and the labeled data is quantified by this objective function. Figure 3, is a diagram of an analogue circuit that
can process eight characteristics.

=
o 1

Figure 3: RealAmplitudes ansatz circuit with feature qubits = 8.

3.3.3. Ansatz — EfficientSU2

When building models of quantum algorithms, it is common practice to use a set of predefined gates or quantum
operations to train for the best parameterization of those gates. Two preset models, RealAmplitudes and EfficientSU2
[47, 48], were used to create this collection of gates that implement the ansatz. You may see a comparison of the two
models' performance in the results section. Heuristic trial wave functions like the RealAmplitudes circuit have many
uses, such as chemical ansatzes and machine learning classification circuits. The circuit's layers alternate between CX
entanglements and Y rotations. A variety of pre-made entanglement patterns are available, or users may make their own.
Since the amplitudes of the prepared quantum states are always real and have a complex component of zero, they are
referred to as RealAmplitudes.

The circuit known as EfficientSU2 consists of many layers or single-qubit computations that have connections by SU(2)
and CX connections. The members belonging to the specialized unitary group with order 2, denoted as SU(2), consist of
the 2x2 unitary matrix of determinant 1. Machine learning classification circuits and variational quantum algorithms' trial
wave functions may both be built using this heuristic method. Figure 4, shows the discrepancy compared to the
Real Amplitudes circuit model. In addition, the training procedure requires an optimization method. According to the
study, the energy evolution of each iteration changes depending on the optimizer used. Since COBYLA shortens the time
required to achieve significant progress with each iteration, it is the most effective optimizer. To make the training
process faster, we used a gradient-free. When time is of the essence and one does not know the objective function's
derivative, the COBY LA numerical optimization method may be used.

Figure 4. EfficientSU2 ansatz circuit with feature qubits = 8
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3.4. CONSTRUCTION OF QUANTUM CLASSIFIER

The construction of a quantum classifier begins with preprocessing the input data, followed by mapping classical features
to quantum states using quantum feature maps like ZZFeatureMap. An ansatz circuit is then designed as a parameterized
quantum circuit with tunable weights, representing the quantum model's learning ability. These components are
combined into a quantum circuit, and the classifier is trained by optimizing the ansatz circuit's parameters to minimize an
objective function. Validation and testing ensure the classifier's accuracy, and once trained, the quantum circuit is
executed on quantum hardware or simulators to classify new data samples. Various QML classifiers are used to design
and assess the predictions and analyse feature importance, completing the construction of an efficient quantum classifier
for classification tasks.

3.4.1. VQC Classifier

One kind of quantum circuit that may be trained to categorize data is the Variational Quantum Circuit (VQC). This is
achieved by adjusting the gate settings. Quantum classifiers are built using it. A feature map for quantum data encoding,
an optimizer for parameter optimization to minimize the cost function, and a variational form (or ansatz) for
parameterized circuits are all part of the VQC. This approach, which is comparable to traditional machine learning, may,
by using the principles of quantum computing, enhance performance on certain tasks. One such setup includes an
optimization procedure, a bespoke ansatz for the variational portion, and a ZZFeatureMap for data encoding.

The ZZFeatureMap is a quantum feature map that makes use of the high-dimensional Hilbert space to effectively
encode classical data into a quantum state. Layers of parameterized ZZ gates, which are two-qubit operations on pairs of
qubits, enable it to capture correlations between various characteristics of the input data and are used to construct it. The
model of a single ZZ gate operating on two qubits may be expressed mathematically as the unitary operator

U(p) = e '#7®% (Eq.2)
where ¢ is a feature-related parameter and Z is the Pauli-Z matrix.

First, the ansatz, also known as a variational circuit, is a parameterized quantum circuit that may search for a solution by
probing the space of possible quantum states. The optimization method involves adjusting the settings of a series of
guantum gates, which is its typical structure. The VQC's efficacy and success are very sensitive to the ansatz's shape. A
typical layout involves entangling gates and single-qubit rotating gates stacked on top of each other. One way to depict
the rotating gates is as

Rx(6) = e~'%/2 (Eq-3)
Ry(6) = e~/ (Eq.4)
Rz(8) = e~07/2 (Eq.5)

Where X,Y, and Z are Pauli matrices.

Optimizer: The cost function, usually the discrepancy between the training data's actual labels and the anticipated labels,
is what the optimizer is trying to reduce. By adjusting the ansatz's parameters, the optimization process finds the cost
function's minimum. Gradient descent, the COBYLA optimizer, and the Quantum Natural Gradient are examples of
renowned quantum-classical hybrid optimization methods.

Cost Function: The cost function quantifies the performance of the VQC on the initial training data. A commonly used
approach involves using the projected amount of the measurement operators that is linked to the outcomes of the
classification process. The cost of a function is expressed mathematically as

CO) = W®) | M 1)) ) (Eq.6)

The VQC-prepared quantum state with parameters ©, and M is the measurement operator associated with the
classification job.

Training Loop: During training, the optimizer repeatedly adjusts the ansatz's parameters according to the cost function's
gradient until a stopping threshold is reached, such as a minimum change in the cost function or a maximum number of
iterations

Callback Function: A callback function, like callback_graph, can be used to monitor the training process, allowing for
real-time visualization or logging of metrics such as the value of the cost function or the parameters at each iteration

In constructing a VQC for classification with a ZZFeatureMap and a custom ansatz, the overall goal is to iteratively
update the parameters of the ansatz to map the input features to the correct output labels, using entanglement and
superposition, two quantum mechanical features, to improve performance than classical counterparts on certain tasks.

Algorithm 1: Training Variational Quantum Classifier (VQC)

1. Import necessary libraries: import time, import numpy as np.

2. Import the VariationalQuantumClassifier module from your_custom_module (assuming it exists and is correctly
implemented).

J Rare Cardiovasc Dis. 507



How to Cite this: Bhavya L', Murali GZ.A COMPARATIVE EMPIRICAL EVALUATION OF QUANTUM MACHINE LEARNING MODELS FOR BREAST CAN
DETECTION. J Rare Cardiovasc Dis. 2025;5(56):500-516.

3. Set configuration parameters for VQC: optimizer (quantum optimizer for training), feature_map (quantum feature
map), ansatz (quantum ansatz circuit), callback_graph (callback function for optimization), and other hyperparameters as
needed.
4. Prepare the training data: Convert your training features and labels from pandas DataFrame to numpy arrays
(train_features and train_labels).
5. Initialize the Variational Quantum Classifier (vqc) with the specified configuration parameters.
6. Optionally, clear the objective function value history if applicable by defining objective_func_vals as an empty list.
7. Measure training time:

a. Start the timer: start_time = time.time()

b. Fit the Variational Quantum Classifier on the training data: vqc.fit(train_features, train_labels)

c. Calculate the elapsed time: elapsed_time = time.time() - start_time
8. Output the training time: Print the training time in seconds using the elapsed_time variable.

3.4.2. QSVM classifier

A Quantum Support Vector Machine (QSVM) classifier is built by combining conventional SVM with quantum
computing to improve its hyperplane detecting capabilities. The quantum feature map is responsible for converting
classical data into quantum states in a high-dimensional Hilbert space. This allows for the use of quantum superposition
and entanglement, and it is the core component of a QSVM. This transformation often results in a feature space where
complex, nonlinear patterns become linearly separable. Training and classification are the two main components of the
QSVM algorithm. The training process begins with the quantum feature map encoding the input into quantum states.
Subsequently, the kernel matrix is calculated to capture the inner products of these states. A traditional support vector
machine (SVM) approach takes this quantum-enhanced kernel matrix and uses it to solve a convex optimization problem
to find the best separation hyperplane. The support vector machine (SVM) can be used in a feature space with a high
degree of dimension by concealing the calculation of data coordinates and using the kernel approach to compute the
similarities between data points. Quantum Support Vector Machines (QSVM) use the quantum microprocessor to
enhance the efficiency of kernel matrix calculations for certain data types, hence possibly providing exponential speedup
compared to conventional computing for particular datasets. The kernel equation in a QSVM may be mathematically
represented as

K(xi5) = <g(X))|g(X))> (Eq.7)

where ¢(X;) is the quantum feature map applied to data point X;and < | denotes the inner product in the Hilbert space.
This approach marries the robustness of SVMs with the computational advantages of quantum information processing,
aiming to achieve superior classification accuracy and effectiveness on feature spaces increased by quantum mechanics.

Algorithm 2: Training Quantum Support Vector Machine (QSVM)
1. Import necessary libraries: import time, import numpy as np.
2. Import the QuantumSVMClassifier module from your_custom_module (assuming it exists and is correctly
implemented).
3. Set configuration parameters for QSVM: kernel_type (type of kernel for SVM, e.g., 'linear’, 'rbf'), C (regularization
parameter for SVM), quantum_instance (quantum backend or simulator), optimizer (quantum optimizer for training), and
callback_graph (callback function for optimization).
4. Prepare the training data: Convert your training features and labels from pandas DataFrame to numpy arrays
(train_features and train_labels).
5. Initialize the Quantum Support Vector Machine Classifier (qsvm) with the specified configuration parameters.
6. Optionally, clear the objective function value history if applicable by defining objective_func_vals as an empty list.
7. Measure training time:

a. Start the timer: start_time = time.time()

b. Fit the Quantum Support Vector Machine Classifier on the training data: gsvm.fit(train_features, train_labels)

c. Calculate the elapsed time: elapsed_time = time.time() - start_time
8. Output the training time: Print the training time in seconds using the elapsed_time variable.

3.4.3. QRF Classifier

The Quantum Random Forest (QRF) classifier described is tailored for a quantum-enhanced approach to classification
tasks, harnessing the power of quantum computing to potentially outperform classical machine learning algorithms. This
QREF setup involves the creation of an ensemble of three quantum decision trees, each equipped with a dynamic choice
among three types of quantum ansatz: “eff _anz_pqc_arch’, “igp_anz_pqc_arch’, and "eff _anz_pqc_arch’. These ansatz
options allow for a versatile approach to quantum state preparation and manipulation down different paths of the decision
trees, catering to the specific demands of the dataset being analyzed.

The quantum feature embedding for this classifier utilizes a total of 6 qubits, with the type of embedding
(Cas_params_all®, “as_params_iqp", "as_params_all") selected to match the chosen ansatz for each level of the tree,
ensuring optimal data representation in the quantum domain. The QRF operates with a specific focus on maximizing
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information gain ("SplitCriterion.init_info_gain('clas")’) as the criterion for splitting nodes, a strategy aimed at enhancing
the classifier's accuracy by ensuring that each split contributes significantly to class distinction.

To estimate the kernel in the quantum decision trees, the setup involves taking 2024 circuit samples per kernel
estimation. The model supports classification tasks with a variable number of classes ("num_classes’) and is designed to
explore the data space efficiently up to a maximum tree depth of 4. The complexity of the quantum embedding is
reflected in the number of parameters (‘num_params_split’), which varies according to the chosen ansatz and is
calculated as nqubitsx(nqubits+21)for this configuration.

To facilitate effective training and testing processes, the QRF utilizes landmarks (a reduced subset of the training data)
with a set number of 5 ('svm_num_train”) for constructing the SVM within the trees, applying a regularization term
("svm_c") to balance model complexity and training error minimization. The model is fine-tuned to ensure that splits
occur only when they involve at least as many samples as there are landmarks, thereby maintaining robustness and
generalization capability.

The QREF classifier is built to run on the “cirg” quantum simulation platform, with computational efficiency bolstered by
parallel processing capabilities set to utilize three cores (‘cores = 3°). This parallelism is reflected in the training phase,
where the ensemble is trained on a given training set with a partition sample size of 180, and can be toggled off
(parallel=False™) during testing for compatibility with additional diagnostic measures such as tree correlation analysis
(‘calc_tree_corr=True").

The described setup showcases the nuanced application of quantum computing principles to the task of data
classification, leveraging the high-dimensional feature spaces accessible through quantum state manipulation to
potentially achieve enhanced classification performance. This Quantum Random Forest model embodies the cutting-edge
integration of quantum and classical computing techniques, aiming to unlock new capabilities in the field of machine
learning.

Algorithm 3: Quantum Random Forest Classification
1. Import necessary libraries and modules.
2. Define configuration parameters including the number of qubits, branching variants, number of trees, sample numbers,
class numbers, maximum tree depth, parameters for splitting nodes, SVM regularization parameters, embedding types,
and CPU cores.
3. Initialize the Quantum Random Forest Classifier with the specified configuration parameters.
grf = QuantumRandomForestClassifier(

n_qubits=n_qubits,

branch_var=branch_var,

num_trees=num_trees,

pgc_sample_num=pqgc_sample_num,

num_classes=num_classes,

max_depth=max_depth,

num_params_split=num_params_split,

svm_c=svm_c,

embedding_type=embedding_type,

cores=cores
4. Utilize the load_dataset function to import the set of training and testing data, specifying the dataset name.
5. Utilize the training set and labels to learn the Quantum Random Forest classifier, while selecting the sample size for
the partition.
6. Test the trained classifier with the testing set and labels, optionally returning predictions and calculating tree
correlations.
7. Output the test accuracy and, if applicable, the tree correlations between different trees in the forest.

3.4.4. QkNN Classifier

One quantum-enhanced variant of the traditional k-Nearest Neighbors technique is the Quantum k-Nearest Neighbors
(QkNN) classifier, utilizing quantum computing to potentially expedite and improve the classification process. This
implementation begins by importing necessary libraries, including “time™ for benchmarking and “numpy" for numerical
operations, alongside a custom module that houses the “QuantumKNeighborsClassifier'. The classifier is initialized with
key parameters such as the number of neighbors ('n_neighbors’), a quantum “sampler’, a “feature_map" a "prototype" for
parameterized quantum circuits, a method for incorporating classical data into quantum states, and an “optimizer’ to fine-
tune the parameters. Additionally, a “callback_graph™ function is specified for real-time monitoring of the optimization
process.
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To ensure a clean starting point for optimization, any existing history of objective function values is cleared. The training
data, potentially originating from pandas data structures, is converted into numpy arrays to comply with the quantum
processing requirements. The fitting process is then initiated, marking the start time before invoking the “fit" method of
the QKNN classifier with the prepared training features and labels. Upon completion, the elapsed training time is
calculated and reported, providing insight into the computational efficiency of the quantum approach.

This QKNN setup leverages quantum computing's ability to process information in parallel and access high-dimensional
feature spaces, potentially offering significant advantages over traditional alternatives regarding precision and velocity.
By incorporating quantum mechanics into the k-Nearest Neighbors framework, this classifier aims to harness the unique
properties of quantum states and operations to enhance the machine learning pipeline, from data encoding and model
training to the optimization of hyperparameters.

Algorithm 4: Training Quantum k-Nearest Neighbors Classifier
1. Import necessary libraries: import time, import numpy as np.
2. Import the custom module QuantumKNeighborsClassifier from your_custom_module.
3. Set configuration parameters for QKNN: n_neighbors (number of neighbors), sampler (quantum sampler), feature_map
(quantum feature map), ansatz (quantum ansatz), optimizer (quantum optimizer), and callback_graph (callback function
for optimization).
4. Prepare the training data: Convert your training features and labels from pandas DataFrame to numpy arrays
(train_features and train_labels).
5. Initialize the Quantum k-Nearest Neighbors Classifier (qknn) with the specified configuration parameters.
6. Optionally, clear the objective function value history if applicable by defining objective_func_vals as an empty list.
7. Measure training time:
a. Start the timer: start_time = time.time()
b. Fit the Quantum k-Nearest Neighbors Classifier on the training data: gknn.fit(train_features, train_labels)
c. Calculate the elapsed time: elapsed_time = time.time() - start_time
8. Output the training time: Print the training time in seconds using the elapsed_time variable.

RESULTS AND DISCUSSIONS:

In our study, we have extended our exploration into the realm of Quantum Machine Learning (QML) by employing IBM
Qiskit Aqua, a comprehensive library tailored for devising and implementing quantum algorithms. This framework is
particularly noted for its suite of pre-built quantum machine learning algorithms, facilitating our investigation into
advanced computational techniques. An important area of medical diagnostics, our research involves applying four
quantum machine learning algorithms—Quantum Support Vector Machine (QSVM), Variational Quantum Classifier
(VQC), Quantum Random Forest (QRF), and Quantum k-Nearest Neighbors (QkNN)—to the diagnosis of breast cancer.

For our experiments, the direct kernel-based method for Support Vector Machine (SVM) classification was
executed on a classical computer leveraging a standard CPU. Additionally, we have implemented the QRF and QKNN
algorithms, extending our quantum computational approach to these sophisticated classification techniques. It is
imperative to note, however, that all quantum machine learning algorithms in this study were simulated, leveraging the
computational capabilities of an i5 processor equipped with 16 GB of RAM, and utilizing the robust IBM Qiskit
packages. This simulation-based approach inherently introduces limitations to our comparison, as the quantum
algorithms do not run on actual quantum hardware, potentially affecting the fidelity and efficiency of the results.
Nonetheless, this methodology allows us to critically assess the theoretical performance and practical feasibility of
applying quantum computing to the nuanced domain of breast cancer diagnosis, marking a significant step forward in the
intersection of quantum computing and healthcare.

4.1. DATASET DESCRIPTION

The study focuses on breast cancer, which originates in mammary cells and is characterized by abnormal cell
growth, rapid division, and potential metastasis to other parts of the body [49]. The research aims to distinguish between
benign and malignant breast tissue samples. The dataset used for analysis contains information on breast features
indicative of tumors, in particular those that are benign or cancerous. Cell nuclei properties such as radius, texture, area,
smoothness, compactness, concavity, concave points, symmetry, and fractal dimension are described by these features,
which are extracted from digital pictures of Fine Needle Aspirate (FNA) samples of breast masses. Thirty characteristics
are produced by calculating the mean, standard error, and worst value of the three biggest measures. The dataset is
normalized using min-max scaling to ensure data homogeneity and any null or unobserved values are removed from the
dataset.
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4.2. PERFORMANCE MEASURES

In the evaluation of models in this research, various relevant metrics were applied to assess their performance [50].
Accuracy, serving as a crucial metric, quantifies the model's overall performance by measuring the fraction of instances
correctly classified. Precision indicates the fraction of correct positive predictions, while recall represents the fraction of
actual positives predicted correctly. The F1-Score balances between recall and precision.

_ TP
TPR = oy (Eq.8)
FPR = ——— (Eq.9)
Accuracy = TP+TN (Eq.10)
TP+TN +FP+FN
. TP
recision = ————— Eqg.11
P TP+ FP (Eq.1D)
Recall :L (Eq.12)
TP+FN
* el *
F1— Score — 2* (precision* Recall) (Eq.13)

precision + Recall

4.3. PERFORMANCE ON VQC ON BREAST CANCER DATASET.

The performance evaluation of the Variational Quantum Classifier (VQC) on the Breast Cancer dataset showcases its
efficacy in accurately distinguishing between benign and malignant breast tissue samples. The table 1, presents The
Variational Quantum Classifier (VQC) applied to the breast cancer dataset exhibits a discernible performance trend
relative to the number of feature qubits, with the highest accuracy of 0.90 for both training and testing phases achieved
with a 4-qubit feature map. This configuration indicates an effective balance between complexity and predictive
capability within the ansatz feature map. As the model complexity increases to 6 and then 8 feature qubits, a gradual
decline in accuracy is observed, falling to 0.84 and 0.82 for training and testing respectively with 6 qubits, and further to
0.79 and 0.77 with 8 qubits. These results imply that larger feature spaces may introduce redundancy or overfitting,
thereby reducing the model's effectiveness, and highlighting the necessity of optimizing the ansatz complexity to
maintain an efficient and accurate quantum classification model for this dataset. The figure 5, represents the data
distribution with ZZFeatureMap using VQC classifier.

Table 1: Variational Quantum Classifier (VQC) applied to the breast cancer dataset for different feature qubits

Model Train Score Test Score
VQC with 4 Features qubits 0.90 0.90
VQC with 6 Features qubits 0.84 0,82
VQC with 8 Features qubits 0.79 0.77
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Figure 5: The graph that is produced by utilizing RealAmplitudes in VQC with 8 feature qubits.
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4.4, PERFORMANCE ON QSVM ON BREAST CANCER DATASET.
The evaluation of the Quantum Support Vector Machine (QSVM) on the Breast Cancer dataset demonstrates its
effectiveness in accurately classifying breast tissue samples as benign or malignant, highlighting its potential for
improving diagnostic accuracy in cancer detection.

Table 2: QSVM applied to the breast cancer dataset for different feature qubits

Model Train Score Test Score
QSVM with 4 Features qubits 0.89 0.89
QSVM with 6 Features qubits 0.84 0.84
QSVM with 8 Features qubits 0.74 0.71

Table 2, the Quantum Support Vector Machine (QSVM) shows varying performance on the breast cancer dataset, which
seems to be inversely related to the number of feature qubits utilized. With 4 feature qubits, the QSVM model
demonstrates a robust performance, achieving a train and test score of 0.89, suggesting that the quantum feature map at
this level is sufficiently rich to capture the critical patterns of the data without overcomplicating the model. When the
feature space is expanded to 6 qubits, there is a slight decrease in performance, with both the train and test scores
dropping to 0.84. This could indicate the beginning of a trade-off between the complexity of the feature map and the
model's ability to generalize. Expanding further to 8 feature qubits leads to a more substantial drop in performance, with
train and test scores of 0.74 and 0.71 respectively, which may reflect an over-parameterized model that struggles to
capture the underlying structure of the dataset efficiently. These results underscore the critical importance of selecting an
optimal number of feature qubits in QSVM to balance the expressiveness of the quantum feature map and the
generalization capability of the model.

4.5. PERFORMANCE ON QRF ON BREAST CANCER DATASET.

The performance analysis of Quantum Random Forest (QRF) on the breast cancer dataset highlights its effectiveness in
accurately classifying breast tissue samples into benign and malignant categories. By harnessing quantum computing
principles, QRF demonstrates potential improvements in classification accuracy and robustness compared to classical
Random Forest algorithms, thereby contributing to enhanced diagnostic capabilities in breast cancer prediction.

Table 3: QRF applied to the breast cancer dataset for different feature qubits

Model Train Score Test Score
QRF with 4 Features qubits 0.91 0.90
QRF with 6 Features qubits 0.88 0.87
QRF with 8 Features qubits 0.81 0.81

The Quantum Random Forest (QRF) classifier’s performance on the breast cancer dataset demonstrates a decrease in
accuracy with an increasing number of feature qubits as shown in Table 3. When utilizing a 4-qubit feature map, the QRF
achieves excellent train and test scores of 0.91 and 0.90, respectively, indicating that a modest quantum state space
suffices for capturing the salient features necessary for diagnosis. Expanding the feature map to 6 qubits, the model's
accuracy moderately declines to train and test scores of 0.88 and 0.87, suggesting a potential introduction of less relevant
features that slightly obscure the model's predictive clarity. A further extension to 8 feature qubits results in train and test
scores of 0.81, revealing a more significant impact due to possible overfitting or inclusion of unnecessary complexity,
which does not contribute to, and might even hinder the model's performance. This pattern indicates that while additional
qubits provide a larger feature space, they may not correspond to increased diagnostic accuracy, emphasizing the need for
careful feature map optimization in QRF models for breast cancer detection.

4.6. PERFORMANCE ON QKNN ON BREAST CANCER DATASET.

The performance evaluation of Quantum k-Nearest Neighbors (QkNN) on the breast cancer dataset demonstrates its
capability to classify breast tissue samples as benign or malignant with high accuracy. By leveraging quantum computing
principles, QkNN offers a promising approach for improving the accuracy and efficiency of breast cancer prediction
compared to classical k-Nearest Neighbors algorithms.

Table 4: QkNN applied to the breast cancer dataset for different feature qubits

Model Train Score Test Score
QKNNF with 4 Features qubits 0.87 0.86
QKNN with 6 Features qubits 0.76 0.76
QKNN with 8 Features qubits 0.69 0.68

For the Quantum k-Nearest Neighbors (QKNN) model applied to breast cancer diagnosis, a clear trend emerges where the
performance diminishes as the number of feature qubits increases. From table 4, the highest level of accuracy is observed
with 4 feature qubits, achieving a train score of 0.87 and a test score of 0.86. This suggests that a quantum feature map
with 4 qubits is optimal in this case, providing a rich enough representation of the data for effective classification without
overcomplicating the model. When the model is expanded to include 6 feature qubits, both the train and test scores drop
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to 0.76, implying that the increased dimensionality of the feature space may start to incorporate noise or irrelevant
features that degrade the model's predictive power. Further expansion to 8 feature qubits results in train and test scores of
0.69 and 0.68, respectively, reinforcing the trend where a larger quantum state space leads to reduced accuracy. This
decline could be attributed to the challenges of managing a more complex feature space, which can exacerbate issues like
guantum noise and hinder the model's ability to generalize from the training data. These findings suggest that for the
QKNN model on this breast cancer dataset, a carefully selected feature space that avoids overfitting and quantum noise is
key to maintaining high classification performance.

4.7. QUANTUM MACHINE LEARNING MODEL PERFORMANCE ON BREAST CANCER DATASET.

The performance metrics of various Quantum Machine Learning (QML) models on the breast cancer dataset reveal a
spectrum of effectiveness across different evaluation criteria. From the Table 5, The Variational Quantum Classifier
(VQC) and Quantum Support Vector Machine (QSVM) both achieve the highest accuracy at 0.91. However, QSVM
slightly outperforms VQC in terms of precision (0.90 versus 0.88), recall (0.90 versus 0.89), and F1-score (0.90 versus
0.89), suggesting that QSVM may be more effective in both the relevance of its positive predictions and the proportion of
correct identifications. The Quantum Random Forest (QRF) shows a modest decline in all metrics with an accuracy,
precision, and recall of 0.88, and a slightly lower F1-score of 0.87, indicating a small reduction in the harmonic balance
between precision and recall. The Quantum k-Nearest Neighbors (QkNN) model displays the lowest scores among the
evaluated models, with an accuracy of 0.86 and corresponding precision and recall of 0.85, leading to an F1-score of
0.86. These scores suggest that while QkNN is less precise and slightly less comprehensive in capturing all relevant
instances than its counterparts, it still holds a reasonably good balance as reflected by the F1-score. Collectively, these
results underscore the competitive performance of quantum algorithms in analyzing complex biomedical datasets, with
QSVM standing out in this instance for its slightly superior balance of accuracy and precision-recall trade-off.

Table 5: QML model performances on breast cancer dataset

QML Model Accuracy Precision Recall F1-Score
VQC 0.91 0.88 0.89 0.89
QSVM 0.91 0.90 0.90 0.90
QRF 0.88 0.88 0.88 0.87
QKNN 0.86 0.85 0.85 0.86
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Figure 6: Performance Comparison QML model performances on breast cancer dataset

The figure 6, provides a visual comparison of the performance metrics for four Quantum Machine Learning (QML)
models—VQC, QSVM, QRF, and QkNN—tested on a breast cancer dataset. The bar chart illustrates the accuracy,
precision, recall, and F1-score for each model, with the y-axis representing performance on a scale from approximately
0.82 to 0.92. Each QML model is denoted by a distinct color. The VQC and QSVM models demonstrate the highest
accuracy and precision, closely matched by their recall and F1-scores, indicating well-rounded performance. The QRF
model shows slightly lower metrics across all categories but remains competitive. The QkKNN model, while having the
lowest values among the four, still maintains performance metrics above 0.85 across all evaluated criteria. Overall, the
chart suggests that while all models perform well, there are nuanced differences in their predictive capabilities, with VQC
and QSVM slightly outperforming QRF and QKNN on this dataset.
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4.8. COMPARISON OF QML WITH CLASSICAL MACHINE LEARNING METHODS ON BREAST
CANCER PREDICTION

QML methods are compared with classical Machine Learning (ML) techniques for breast cancer prediction, evaluating
their respective performances in terms of accuracy, efficiency, and scalability. This comparison aims to assess the
potential advantages of leveraging quantum computing principles in medical diagnosis, particularly in distinguishing
between benign and malignant breast tissue samples with higher accuracy and computational speed compared to
traditional ML approaches.

Table 6: Comparison of QML with classical Machine Learning methods on breast cancer prediction

Quantum vs Classical ML models Train Accuracy Test Accuracy
VQC 0.90 0.90
QSVM 0.89 0.89
Quantum ML Models QRF 001 0.90
QNN 0.87 0.86
SVC 0.96 0.96
Classical ML models RF 1.00 0.95
KNN 0.95 0.92

The comparison between Quantum Machine Learning (QML) models and classical Machine Learning (ML) techniques
for breast cancer prediction reveals distinct performance characteristics across both paradigms are shown in Table 6.
Within the quantum domain, the Quantum Random Forest (QRF) demonstrates the highest training accuracy at 0.91 and
a test accuracy close behind at 0.90, showcasing its robustness and effectiveness in handling the dataset. The Variational
Quantum Classifier (VQC) and Quantum Support Vector Machine (QSVM) both exhibit strong performance as well,
with identical train and test accuracies of 0.90 and 0.89, respectively, indicating their capability in accurately modeling
the breast cancer prediction problem. The Quantum Neural Network (QNN) trails slightly with a train accuracy of 0.87
and a test accuracy of 0.86, still presenting a commendable performance considering the complexities of quantum
computation.

On the classical side, the models demonstrate higher accuracies overall, with the Support Vector Classifier (SVC) and
Random Forest (RF) leading the pack. SVC achieves both train and test accuracies of 0.96, showcasing its efficiency in
linear separation with high-dimensional data. RF achieves a perfect training accuracy of 1.00 and a very high test
accuracy of 0.95, reflecting its capacity to capture complex relationships in the data without overfitting, as indicated by
the slight drop in test accuracy. The K-Nearest Neighbors (KNN) model also performs admirably, with train and test
accuracies of 0.95 and 0.92, respectively, underscoring its effectiveness in classification through a simple yet powerful
approach.

This comparison highlights the promising potential of QML models in achieving competitive accuracies with classical
counterparts, despite the inherent challenges and the current developmental stage of quantum computing. While classical
models currently show higher accuracy, the quantum models are not far behind, suggesting that with further
advancements in quantum technology and algorithm optimization, QML models could rival or even surpass classical
methods in certain scenarios, offering unique advantages such as computational speedups and handling complex data
patterns in high-dimensional spaces.

assessing the efficacy of both quantum and classical

ML models. The quantum models, especially QRF and

DISCUSSION QSVM, show commendable performance, closely
The exploration of Quantum Machine Learning (QML) rivaling that of their classical counterparts. This
models for breast cancer diagnosis demonstrates the suggests that even within the constraints of simulation,
burgeoning potential of quantum algorithms in tackling QML algorithms possess the capability to discern
complex biomedical datasets. The employment of IBM intricate patterns in data indicative of malignant or
Qiskit Aqua for simulating QSVM, VQC, QRF, and benign neoplasia.
QKNN algorithms signifies an important step toward
integrating quantum computing with healthcare However, the comparison with classical ML models
analytics.  While the simulated  environment, reveals a notable gap in accuracy, precision, recall, and
underscores the infancy of practical quantum computing F1-Score, with classical algorithms such as SVC and
applications, it offers a glimpse into the future where RF showcasing superior performance. This discrepancy
quantum algorithms may revolutionize data-driven highlights the current limitations of QML models,
diagnostics. primarily attributed to the challenges of feature space
representation and the complexity of quantum state
The dataset, centered around the diagnosis of breast management over larger datasets.

cancer through analysis of cell nuclei characteristics
from FNA images, serves as a suitable challenge for
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CONCLUSION

Finally, we have shed light on the promise of quantum
algorithms in  medical diagnostics through our
comparative empirical assessment of QML models for
breast cancer diagnosis. The use of Quantum k-Nearest
Neighbors (QkNN), Quantum Random Forest (QRF),
Variational Quantum Classifier (VQC), and Quantum
Support Vector Machine (QSVM) within the IBM
Qiskit framework demonstrated encouraging outcomes
in precisely categorizing breast cancer tissues using
feature attributes derived from Fine Needle Aspirate
(FNA) images. Notably, QRF and QSVM demonstrated
competitive performance levels, with QRF achieving
the highest training and testing accuracies among the
quantum algorithms studied. This research contributes
to the growing body of evidence supporting the
integration of quantum computing into medical
diagnostics. While QML models show promise, further
development and refinement are necessary to achieve
parity with classical methods. The research work
underscores the importance of ongoing advancements in
quantum  computing hardware and algorithm
optimization to bridge the close the gap in performance
and make full use of quantum algorithms' healthcare
potential.

Future work can be extended by integrating deep
learning concepts with quantum computing to enhance
breast cancer prediction. This integration holds promise
in leveraging the strengths of both domains, leading to
more accurate and robust predictive models for
diagnosing breast cancer. Collaborative research efforts
between experts in deep learning, quantum computing,
and healthcare analytics can propel innovation and
provide innovative solutions to advance personalized
treatment in cancer, and improve patient outcomes.
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